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I. Introduction 

Over the last decade resting state functional magnetic resonance imaging (fMRI) (Biswal et al., 

1995, 2010) became a well-known and frequently applied method in functional neuroimaging. 

Despite the simplicity of the technique – i.e. no special hardware or task paradigm design is 

needed – resting state data can be used to explore intrinsic functional connectivity of the brain 

(Biswal et al., 1995; Fox et al., 2005; Kalcher et al., 2012; Margulies et al., 2010; Thomas Yeo et al., 

2011). These functional connectivity networks can be derived by analysing the synchronized low 

frequency fluctuations of the measured blood-oxygen-level dependent (BOLD) signals (Fox and 

Raichle, 2007). The task-free environment also facilitates comparison between subject groups as 

the difficulty of the task is not needed to be adapted to the cognitive or motoric abilities of the 

subjects, therefore measures derived from resting state fMRI also have great potential as clinical 

biomarkers (Matthews and Hampshire, 2016). 

I.1 Conventional methods of resting state functional connectivity calculation – 

Static connectivity and its limitations 

The early and still the most common methods for resting state connectivity analysis presume that 

the connectivity strength between brain regions is static through the measurement, and the BOLD 

signals are expected to show zero-lag synchrony (Biswal et al., 1995; McKeown et al., 1998). The 

first technique developed was a seed-based correlation analysis (Biswal et al., 1995), where 

functional connectivity is assessed by calculating linear correlation coefficients between the 

measured time series of the seed region and those from the entire brain. The resulting correlation 

coefficient map is interpreted as the map of the strength of static functional connectivity with the 

given seed. The assumptions about time-independence and linearity are also taken in case of the 

other most widespread technique, the independent component analysis (ICA) (McKeown et al., 

1998). Spatial ICA methods do not rely on predefined seed regions, for they aim to reconstruct 

several statistically independent signals and their corresponding spatial components as sources. 

Spatial components can be treated as maps of connectivity strength, i.e. those regions that are 

the source of the same independent signal are more strongly connected than regions that 

correspond to different sources. 

Results of recent fMRI (Allen et al., 2014; Chang and Glover, 2010; Handwerker et al., 2012; Jones 

et al., 2012; Kiviniemi et al., 2011; Sakoğlu et al., 2010; Smith, 2012), near-infrared spectroscopic 
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and magnetoencephalography (MEG) studies (Brookes et al., 2011; de Pasquale et al., 2010; 

Keilholz, 2014; Li et al., 2015) demonstrate however that functional connectivity shows marked 

differences on the time-scale of minutes. Therefore functional connectivity strength is dynamically 

changing even during a conventional five to fifteen minute long resting sate fMRI measurement.  

Dynamic connectivity is thought to arise from switching between brain states (Allen et al., 2014; 

Chen et al., 2015), where each state has its own unique connectivity pattern and the traditionally 

observed static resting state networks represent the time averages of these distinct connectivity 

states(Allen et al., 2014). 

I.2 Advanced methods for resting state functional connectivity calculation – 

Dynamic functional connectivity and its limitations 

Many approaches have been developed to capture the dynamic properties of functional 

connectivity. Most notably variants of sliding window correlation (Handwerker et al. 2012; 

Hutchison et al. 2013; Kiviniemi et al. 2011) have been applied to resting state measurements to 

calculate connectivity strength as a function of time. Other methods, such as spontaneous co-

activation patterns (CAP) analysis (Chen et al., 2015; Liu and Duyn, 2013) and time-frequency 

coherence analysis approaches, such as wavelet transform coherence (WTC) (Chang and Glover, 

2010) also suggest that functional connectivity is dynamically changing and brain regions exhibit 

a complex time lag structure that varies over time. The phase synchrony between brain regions 

was also investigated in some studies as a measure of dynamic functional connectivity (Córdova-

Palomera et al., 2017; Demirtaş et al., 2016; Glerean et al., 2012). One notable example of dynamic 

connectivity results is that anticorrelations between the default mode network (DMN) and task 

positive regions is a transient phenomenon. Namely the coherence at 180 degree phase 

difference, which equals to  a ~10-50 s time delay in the 0.01-0.05Hz frequency band, only 

increases for short time periods (Chang and Glover, 2010). Global noise sources, such as 

measurement and physiological noise components can introduce positive bias to correlation-

based measures (Desjardins et al., 2001), therefore static connectivity between brain regions with 

transient anticorrelations might become statistically insignificant (Murphy et al., 2009).  

The proposed dynamic connectivity methods yield promising outcomes; the replicability of 

dynamically changing functional connectivity states has been demonstrated in several datasets 

(Abrol et al., 2017; Allen et al., 2014).  However, the interpretation and statistical analysis of the 

results is not straightforward, because connectivity between any two brain regions is 

characterized with a time series of connectivity strength values or a time-frequency map of 
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coherence instead of a single scalar measure. This increase in data size and dimensionality also 

creates challenges in machine learning based fMRI biomarker research. 

I.3 The Dynamic Time Warping algorithm in resting-state functional connectivity 

calculation 

In our studies (Meszlényi et al., 2016b, 2016a, 2017b, 2017a) we propose the Dynamic Time 

Warping (DTW) algorithm (Sakoe and Chiba, 1978) to overcome the aforementioned issues. The 

DTW algorithm performs a non-linear warping on the compared time series before calculating 

their distance, therefore it can correct for non-stationary phase differences between regions that 

arise from dynamic switching of brain states. The method outputs one scalar descriptor, the DTW 

distance that characterizes the connectivity strength of the brain regions not only as a simple time-

average, but it accounts for the dynamic relationship of the compared brain regions (Meszlényi et 

al., 2017b). From the DTW algorithm, we can also reconstruct the warping path, i.e. the time-delay 

(phase difference) between the brain regions as a function of time. The properties of the warping 

path reveal further information about the dynamic nature of the connection, e.g. the length of 

the warping path can be used as a proxy for connection stability (Meszlényi et al., 2016a). 

I.4 Machine learning in fMRI based biomarker research 

In research and especially in clinical studies it is extremely important that measurements and the 

derived descriptors are robust between measurements or against noise. On the other hand these 

potential biomarkers have to retain sensitivity for clinically relevant differences introduced by 

mental disorders or other phenotypic properties (Matthews and Hampshire, 2016). Resting-state 

fMRI and the derived functional connectivity measures have great potentials as biomarkers, e.g. 

in early diagnosis of mental disorders; and most studies apply connectome-based classification to 

demonstrate the feasibility of this approach (Abraham et al., 2017; Arbabshirani et al., 2013; 

Kassraian-Fard et al., 2016; Kim et al., 2016; Liem et al., 2017; Rosa et al., 2015). In connectome-

based classification, however, researchers face an issue known as the “curse of dimensionality” 

(Hughes, 1968) in the field of machine learning. Namely, in vast majority of resting state studies 

we have far less independent measurements than connectivity descriptors. E.g. even if we only 

calculate pairwise connectivity strength between ten brain regions, we have 10x9/2 = 45 

connectivity features, therefore in principle we need at least 45 independent measurements to 

evade the “curse of dimensionality”. In case of a hundred brain regions with 100x99/2 = 4950 
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connectivity features, the required sample size increases to 4950 which is infeasible at most 

research sites. To cope with the “curse of dimensionality” special preprocessing and classification 

algorithms were developed, which apply feature selection or feature extraction to reduce the 

number of dimensions and make classification feasible (Bolón-Canedo et al., 2015; Liu and 

Motoda, 1998; Stańczyk and Jain, 2015).  

 Feature selection techniques as their name implies are designed to select a subset of features: in 

case of connectome classification this means a subset of pairwise connectivity descriptors that 

differentiates best between the groups (Bolón-Canedo et al., 2015; Stańczyk and Jain, 2015). 

Feature selection can be manual based on some hypotheses about which features might differ 

between groups, but automatic algorithms for selection based on machine learning also exist. One 

great advantage of feature selection techniques is their straightforward interpretability, i.e. the 

selected subset holds only a manageable amount of features, and in case of automatic selection 

techniques, these selected features can be interpreted post hoc. In classification based on resting-

state fMRI connectome one particularly popular technique (Ng et al., 2012; Rosa et al., 2015; Ryali 

et al., 2010) is the least absolute shrinkage and selection operator (LASSO) (Tibshirani, 1996), that 

can classify samples based on a joint feature selection and linear regression algorithm. In our 

studies (Meszlényi et al., 2016b, 2016a, 2017b) we applied the LASSO to assess the accuracy of 

DTW distance for classifying group differences in gender and diagnosis of attention deficit 

hyperactivity disorder (ADHD), as well as the accuracy of warping path length for classifying 

cannabis addiction. 

Feature extraction methods were also developed to reduce the dimensionality of the samples, but 

instead of selecting some of the original features, extraction techniques create a number of new 

features as (linear or non-linear) combinations of the original features (Bolón-Canedo et al., 2015; 

Liu and Motoda, 1998). Possibly the most well-known conventional feature extraction algorithm 

is the principal component analysis (PCA) (Dunteman, 1989); however, recently deep learning 

methods, as non-linear, hierarchical feature extractors demonstrate unbeatable results in several 

fields of artificial intelligence (Goodfellow et al., 2016; LeCun et al., 2015). Although application of 

deep learning techniques to fMRI data is in its early stages, these methods have great potential. 

The employment of so called convolutional neural networks – a technique developed in the field 

of image classification and object recognition – is especially promising, as it is better equipped to 

deal with extremely high number of dimensions and moderate sample sizes than fully connected 

deep neural networks (Goodfellow et al., 2016). In our fourth study (Meszlényi et al., 2017a) we 

designed and developed a deep convolutional network for connectome based classification. We 



11 
 

successfully applied this network to extract features from single connectivity descriptors and to 

combine different type of connectivity features, namely DTW distance and warping path length. 

I.5 Research questions and dissertation outline 

To apply the DTW algorithm to resting-state fMRI data some issues (e.g. preprocessing and 

potential artefacts) should be investigated. To generate a seed-based connectivity strength map, 

we should transform DTW distances to similarity values in order to be able to use conventional 

statistical methods developed for correlation coefficients. The robustness of the algorithm should 

also be examined particularly in case of weakly anticorrelating regions, where anticorrelation 

might appear only transiently. Therefore the first research question of this dissertation is: 

Can we use Dynamic Time Warping distance of resting-state fMRI signals to describe 

functional connectivity strength? 

The first research question was addressed in Study 1 (Section VI.1) - Resting-state fMRI functional 

connectivity analysis using Dynamic Time Warping 

Besides analyzing the robustness of the method, we should investigate its potential for accurate 

classification as well; therefore we examined how well the two derived metrics are able to 

differentiate groups in connectome-based classification studies. The theoretical and 

methodological background of the applied and developed classification algorithms are described 

in detail in Section II. First, we investigated the discriminability of connectivity strength, described 

by DTW distance. Therefore, the second research question of the thesis is: 

Can Dynamic Time Warping distance as a descriptor of functional connectivity discriminate 

subject groups? 

The second research question was addressed in Study 2 (Section VI.2) - Classification of fMRI data 

using dynamic time warping based functional connectivity analysis 

After verifying DTW distance’s applicability in connectome classification, we examined whether 

connection stability, characterized by warping path length is accurate to detect differences 

between groups. Therefore, the third research question of the thesis is: 

Can warping path length, a descriptor of functional connection stability discriminate subject 

groups? 
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The third research question was addressed in Study 3 (Section VI.3) - A Model for Classification 

Based on the Functional Connectivity Pattern Dynamics of the Brain 

Based on Study 2 and Study 3 we can claim that both DTW distance and warping path length can 

differentiate well between subject groups. Because DTW distance and path length describe two 

complementary properties of connectivity, namely strength and stability, it can be examined 

whether classification based on both metrics achieves better performance than classification 

based on a single connectivity descriptor. Due to the “curse of dimensionality” it is not trivial that 

a classifier can effectively combine two measures, therefore to assess the accuracy of combining 

DTW distance and path length we also had to design a classification algorithm that can overcome 

this problem. This leads us to the fourth research question of this thesis: 

Dynamic Time Warping distance and warping path length describe fundamentally 

different properties of functional connectivity. How can we efficiently combine information 

of the two metrics to increase accuracy in connectome classification tasks? 

The fourth research question was addressed in Study 4 (Section VI.4) - Resting-state fMRI 

functional connectivity-based classification using a convolutional neural network architecture 

The following sections of this dissertation describe in detail the methodological and theoretical 

background of resting-state functional connectivity (Section II.1), Dynamic Time Warping (Section 

II.2) and classification based on connectome data (Section II.3) with a brief discussion and 

conclusion in Section III and IV. The publications and thesis points corresponding to the proposed 

research questions are attached in Section VI. 
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II. Methods 

II.1 Resting-state functional connectomes 

Resting-state functional connectivity can be explored by investigating the synchronized low 

frequency fluctuations of the measured BOLD signals of brain regions. Two main approaches can 

be distinguished in connectome calculation: seed-based methods, where time series of a 

functionally or anatomically confined voxel or area is compared to those  from the rest of the brain 

(Biswal et al., 1995); and whole-brain techniques, where we calculate pairwise connectivity 

measures between every brain region (McKeown et al., 1998; van den Heuvel et al., 2008).  

Most seed-based models calculate voxelwise connectivity, i.e. the result of these methods is one 

single connectivity map for each chosen seed (Fig 1. A). This technique is especially useful in cases 

where there is an a priori hypothesis about which region’s connectivity contains meaningful 

information. For example, in an experiment where we plan to correlate the behavioral results 

from a motor skill test and the resting-state connectivity, using the motor cortex as seed is 

plausible.  

Whole-brain connectivity calculation, in contrast, is an exploratory method with no prior 

assumptions about which connections might be important. An increasingly popular approach to 

determine whole-brain connectivity is the calculation of the connectivity matrix or connectome 

(Richiardi et al., 2015; Shirer et al., 2012; van den Heuvel et al., 2008). The connectivity matrix can 

be voxelwise (van den Heuvel et al., 2008) but generally it is based on regions of interests (ROIs). 

In ROI-based calculation of the connectome the voxelwise time series are averaged within 

predefined brain regions, and connectivity descriptors are calculated between every ROI pair 

(Shirer et al., 2012), i.e. it can be interpreted as a multi-seed method. The result of these 

calculations is a symmetric matrix with as many rows and columns as many regions we chose to 

compare and the (i,j)-th entry of the matrix is the connectivity descriptor between the i-th and the 

j-th ROIs (Fig. 1. B). 

The most well-known method for whole-brain connectivity calculation is spatial independent 

component analysis of the voxelwise measured BOLD signal, which results in multiple connectivity 

maps, i.e. one map per component (Fig. 1. B). The number of components is a variable that can 

be either chosen by the researcher or estimated.  
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Figure 1.: Methods of resting-state connectivity calculations A, Seedbased connectivity: these 

methods result in one connectivity map for each seed region (marked with light blue spheres). The 

color bar indicates relative correlation strength. (Zhang and Raichle, 2010) B, Connectivity matrix 

based on signals from 142 ROIs. The color bar indicates correlation coefficient values C, Maps of 

ten selected independent components from a result of an ICA with twenty components (Smith et 

al., 2009)  

In case of the ROI-based calculation of the connectivity, the way of defining the regions is 

extremely important. The most generalizable technique is to use an independently defined atlas 

of brain regions that can be based on anatomical landmarks similarly to the Automated 

Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et al., 2002) and the Harvard-Oxford atlas 

(Desikan et al., 2006); or it can be derived from functional data like the Willard atlas (Richiardi et 

al., 2015). These predefined atlases can be used for any resting-state experiment and the results 

of different studies that apply the same atlas are straightforwardly comparable. There are 
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multitudes of possible atlas choices, and in most cases, one can find an option with the number 

and size of ROIs and optimal brain coverage that corresponds to what is necessary for a given 

study. However, it is also possible to create data-driven brain parcellations for every study. These 

parcellation techniques are usually based on functional data, e.g. they apply ICA (Shirer et al., 

2012) or other clustering methods (Craddock et al., 2012). Clear advantages of unique 

parcellations are that the researcher has more freedom to choose the number of ROIs and their 

sizes, and that data-driven parcellations better represent individual anatomical and functional 

characteristics. However, the former feature also allows for more subjectivity, while both features 

compromises generalization, for individualized ROIs cannot be reused in later experiments making 

study results less comparable.  

Both static and dynamic connectivity can be calculated using both seed-based and whole-brain 

approaches depending on how we calculate the connectivity descriptors themselves. The next two 

subsections describe in detail the most commonly used static and dynamic connectivity 

calculation methods. 

II.1.1 Static functional connectivity 

Static functional connectivity methods at least implicitly calculate a simple time-average of 

connectivity strength over the whole measurement; therefore, they are sensitive only to those 

phenomena that are temporally stable, at least on the time-scale of the length of resting-state 

fMRI measurements (around five to fifteen minutes) while leaving dynamics occurring on a much 

shorter timescale unexplained. 

By far the most well-known metric to describe functional connectivity is the Pearson correlation 

coefficient. Correlation can be used to derive static-seed based functional connectivity as well as 

to calculate whole-brain connectivity matrices. The method implies linear zero-lag dependence 

between the compared signals. The definition of this metric (Reid, 2013) for two finite length time 

series 𝑥 and 𝑦 is given in Eq. 1, where r is the Pearson correlation coefficient, 𝑇 is the number of 

time-points and �̅� and �̅� represents the mean of the time series 𝑥 and 𝑦 respectively. 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 1. : 𝑟 =  
∑ (𝑥𝑡 − �̅�) ∙ (𝑦𝑡 − �̅�)
𝑇
𝑡=1

√∑ (𝑥𝑡 − �̅�)
2𝑇

𝑡=1 ∙ √∑ (𝑦𝑡 − �̅�)
2𝑇

𝑡=1

 

The correlation coefficient value can vary between -1 and +1, where high positive values indicate 

strong co-activation between the compared regions, while low negative values indicate 

anticorrelations, which can be interpreted as inhibition between ROIs (Uddin et al., 2009). It is 
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important to note, however, that anticorrelation in periodic (fluctuating) signals can also arise 

from a phase difference of 180° between the compared time series. 

Independent component analysis also relies on linear dependence and zero-lag assumptions. The 

ICA is a variant of blind source separation methods, where the task is to reconstruct multiple 

source signals from measurements of mixed signals (Hyvärinen et al., 2001). In case of ICA, we 

assume a linear mixing of statistically independent stationer non-Gaussian source signals.  

In static functional connectivity calculation with spatial ICA, we treat time series of each voxel as 

a mixed signal. The aim of the ICA algorithm is to reconstruct some (usually between twenty and 

thirty (Li et al., 2007)) underlying independent time-sources and the corresponding spatial maps 

that contain the mixing weights. The mathematical definition of this model can be described as a 

simple matrix equation (Eq. 2): 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 2. : 𝑋 = 𝐴 ∙ 𝑆  𝑤ℎ𝑒𝑟𝑒 𝑋 =

[
 
 
 
 𝑥1⃗⃗⃗⃗ 

𝑇

𝑥2⃗⃗⃗⃗ 
𝑇

⋮

𝑥𝑁⃗⃗ ⃗⃗  
𝑇
]
 
 
 
 

 𝑎𝑛𝑑 𝑆 =

[
 
 
 
 𝑠1⃗⃗  ⃗

𝑇

𝑠2⃗⃗  ⃗
𝑇

⋮

𝑠𝑀⃗⃗ ⃗⃗  
𝑇
]
 
 
 
 

 

In Eq. 2 𝑁 is the number of voxels, 𝑡 is the number of time-points in the measurement, 𝑀 is the 

number of independent sources. 𝑋 ∈ ℝ𝑁𝑥𝑡 is the matrix of measured data in which the i-th row 

𝑥𝑖⃗⃗  ⃗
𝑇
∈ ℝ1𝑥𝑡 is the time series of the i-th voxel, therefore the columns of 𝑋 contain the spatial map 

of activations at each time-point flattened to one dimension. 𝑆 ∈ ℝ𝑀𝑥𝑡 is the matrix of the source 

signals in which the j-th row 𝑠𝑗⃗⃗ 
𝑇
∈ ℝ1𝑥𝑡 is the time series of the j-th underlying source component 

and 𝐴 ∈ ℝ𝑁𝑥𝑀 is the mixing matrix in which the k-th column 𝑎𝑘⃗⃗⃗⃗  ∈ ℝ
𝑁𝑥1 is the one dimensional 

flattened spatial map corresponding to k-th component (Hyvärinen et al., 2001; McKeown et al., 

1998). 

The task of the ICA algorithm is to find the optimal 𝑆 and 𝐴 matrices with a user-defined number 

of components (𝑀). To find the optimal solution the algorithm should minimize mutual 

information, or equivalently maximize non-Gaussianity of the source signals. It is important to 

note that before ICA calculations most algorithms apply whitening and dimensionality reduction 

to the measured signals by the means of e.g. principal component analysis. This means that the 

global mean signal is generally removed from the data before connectivity calculation (Dunteman, 

1989; Hyvärinen et al., 2001).  
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Besides conventional linear correlation analysis and spatial ICA, several other methods were 

developed for static functional connectivity calculation. A notable and extensively used metric is 

partial correlation (Marrelec et al., 2006; Ryali et al., 2012; Smith et al., 2011), which aims to 

estimate direct connections in contrast to Pearson correlation, where strong connections 

between two regions might be mediated through a third brain region. To overcome this 

phenomenon, one should take signals from all other regions into account when estimating 

correlation between signals of two ROIs. Namely, signals from all other ROIs are regressed out 

from the two compared time series, and correlation coefficients is calculated on the residuals.  

Another variant of correlation based connectivity calculation is the maximal lagged correlation 

(Jafri et al., 2008). This method is designed to solve the problem of potential static time lags 

between brain regions, namely cases where one regions activity constantly precedes or follows 

that of another region with a certain amount of time. Lagged correlation or, equivalently, cross-

correlation coefficients results from shifting one time series with a constant lag compared to the 

other time series and correlation coefficient is calculated on these shifted time series. In (Jafri et 

al., 2008) the authors apply several different positive and negative lags and chose the maximal 

absolute valued correlation coefficient to describe functional connectivity strength. This method 

also outputs the value of the optimal lag, i.e. one can determine which regions precede others 

and which ones are activated later. 

The greatest advantage of static functional connectivity calculation methods is that they produce 

well-interpretable results, for the relationship of two brain regions is described with one scalar. 

This type of output is not only important for human interpretation, but it also enables most 

machine learning and deep learning algorithms to learn from connectivity data. The applicability 

of machine learning models is important, because these algorithms have become essential tools 

in recent MRI biomarker research. However as growing number of research papers suggest (Allen 

et al., 2014; Chang and Glover, 2010; Handwerker et al., 2012; Jones et al., 2012; Kiviniemi et al., 

2011; Sakoğlu et al., 2010; Smith, 2012), that functional connectivity exhibits dynamic changes on 

the time-scale of minutes. The static functional connectivity methods are not only insensitive to 

these changes, but leaving these changes unexplained also increases the error term thus leading 

to a lower sensitivity. 

II.1.2 Dynamic functional connectivity 

The aim of dynamic functional connectivity calculation methods is to explore how connectivity 

changes during the resting-state measurement. It has been shown that dynamic connectivity 

arises from switching between some stable, but short-term brain states (Allen et al., 2014; 
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Hutchison et al., 2013a; Li et al., 2017).The first method to capture these changes was the sliding 

window correlation (Sakoğlu et al., 2010).  

The concept of sliding window approaches is easily understandable and can be combined with 

almost every static functional connectivity calculation technique. The essence of the method is 

that we do not calculate connectivity based on the whole time series of the compared regions, 

but instead we divide signals to several equally lengthened, possibly overlapping parts, and 

calculate connectivity on pairs of these short time series (see Fig. 2.). The sliding window name 

originates from the fact that dividing the whole series into overlapping sub-series is 

mathematically equivalent with the result of multiplying the original time series with a window 

(also called box) function that lets us “see” only a given part of the signal (Chou, 1975). 

Consecutive sub-series can be obtained by shifting this window function. To achieve better 

statistics, it is possible to use tapered window functions with smooth edges; for example a 

rectangular window function convolved with a Gaussian function (Allen et al., 2014).  

 

Figure 2.: In static functional connectivity (FC) calculation one connectivity matrix is obtained from 

the whole signal (in the example shown here connectivity is estimated by covariance). In dynamic 

functional connectivity calculation a connectivity matrix is obtained from every windowed signal 

part thus we gain time-varying connectivity (Allen et al., 2014). 

In sliding window correlation methods several parameters have significant effects on the results. 

The length of the window function is critical: on one hand, long window size might prevent us to 

see the dynamics of the connectivity changes;  i.e. if the window is substantially longer than the 

brain state of which connectivity we try to determine. On the other hand, short window size with 

insufficient number of time-points result in unstable and statistically invalid results. The choice of 

window size is ranging between 30 and 120 seconds in most studies (Allen et al., 2014; Hutchison 

et al., 2013b; Sakoğlu et al., 2010), and in case of shorter window sizes some regularization 

technique is strongly advised (see Fig. 2.) (Allen et al., 2014). The overlap between consecutive 
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windows should also be specified based on a compromise between the temporal resolution of the 

connectivity matrix time series and the overall computation time. The choice of window 

tampering might also effect the results and the interaction of these three parameters will 

eventually determine the statistical strength, temporal resolution and computation time of the 

sliding window correlation method. 

Brain states and the points of state-switching are usually inferred with clustering methods. First, 

connectivity matrices of every subject and every window are collected, then the matrices are 

arranged into a predefined number of groups or clusters usually via k-means clustering (Allen et 

al., 2014; Hutchison et al., 2013a; Li et al., 2017). The number of clusters, i.e. the number of distinct 

brain states can be predefined by the researcher, or determined based on the “elbow criterion” 

(Damaraju et al., 2014; Li et al., 2017), i.e. based on the gained percentage of explained variance 

by adding a new cluster. Cluster centroids are typical connectivity matrices that represent a given 

brain state. These states can be further analyzed based on their connectivity, the typical amount 

of time subjects spend in the state and the transition probabilities of the state, i.e. the likelihood 

of the given brain state to switch into another one. 

Another approach to analyze dynamic functional connectivity is the method of spontaneous co-

activation patterns (CAP) (Chen et al., 2015; Liu et al., 2013; Liu and Duyn, 2013). This technique 

relies on the observation that co-activation of brain regions is a transient phenomenon, thus 

connectivity can arise from these brief instances of co-activity. Typical co-activation patterns can 

be recovered by selectively averaging fMRI time frames that show similar patterns (Liu and Duyn, 

2013). The most straightforward method to determine which time frames should be averaged is 

via clustering, similarly to the aforementioned brain-state determination (Liu et al., 2013). 

Consequently, all fMRI time frames of all subjects should be aggregated and grouped into clusters 

with the k-means clustering algorithm. The resulting cluster centroids are the stable co-activation 

patterns, and they can be examined similarly to brain states: based on connectivity, occurrence 

rate and possible transitions from one CAP to the next. CAP analysis has an advantage over sliding-

window methods in terms of temporal resolution. The effective resolution of sliding-window 

approaches is usually several tens of the measurements repetition time (TR), while the CAP 

method assigns each time frame to a cluster independently from each other, resulting in a 

temporal resolution of one TR. 

Wavelet transform coherence (WTC) was also proposed to study dynamic changes in connectivity 

(Chang and Glover, 2010). This analysis method relies on continuous wavelet transform that 

decomposes the time-series data into a complex function in the time-frequency space. WTC can 
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be considered as local correlation coefficient in the time-frequency space  (Chang and Glover, 

2010) with the distinction that WTC is always a positive quantity, i.e. anticorrelations are 

represented with phase lags between 90° and 270°. Based on WTC maps it is possible to analyze 

connectivity changes through time and frequency, therefore one can track changes in both 

connectivity strength and phase lag. On the other hand, calculation and interpretation of these 

maps with more than a couple of ROIs might be intractable, therefore whole brain connectivity 

description based on wavelet transform coherence approach is infeasible. 

Some recent studies introduced phase synchrony as measure of dynamic functional connectivity 

(Córdova-Palomera et al., 2017; Demirtaş et al., 2016; Glerean et al., 2012). The technique relies 

on the Hilbert-transform and the derived analytic signal representation of the time-series. The 

analytic signal can be expressed with an envelope (or instantaneous amplitude) and an 

instantaneous phase function in case of narrow-band signals. To fulfill this conditions, the 

frequency band-pass filter of resting-state time-series have to be unusually narrow: between 0.04 

and 0.07 Hz instead of the usual 0.01-0.1 Hz band (Córdova-Palomera et al., 2017; Glerean et al., 

2012). Phase synchrony between signals of two regions can be assessed by simply analyzing the 

difference of the two instantaneous phase functions, i.e. the phase-difference between regions 

as the function of time (Glerean et al., 2012). Beside pairwise phase-synchrony functions, the 

instantaneous phase functions of brain regions can be used to characterize whole-brain synchrony 

with the Kuramoto order parameter (Córdova-Palomera et al., 2017), which is also a function of 

the measurement time. In their study Córdova-Palomera et al. applies the standard deviation of 

the Kuramoto order parameter as a scalar descriptor of whole-brain metastability. 

Analysis methods for estimating dynamic functional connectivity revealed several interesting 

properties of the resting-state functional connectivity. Consistent brain states were revealed by 

both sliding-window and CAP approaches (Hutchison et al., 2013a; Liu et al., 2013), and it has been 

demonstrated that anticorrelations (e.g. between DMN and task-positive nodes) appear only 

transiently in contrast to more stable positive relationships (Chang and Glover, 2010). These 

findings suggest that there is a lot of dynamics in connectivity, which is ignored by calculating only 

a temporal average of connectivity strength over the whole measurement. However, the output 

of these dynamic approaches is generally high-dimensional and often difficult to interpret. To 

enable machine learning algorithms to classify subjects based on dynamic connectome data, we 

need a connectivity calculation algorithm that provides simpler, scalar measure(s) for each ROI 

pair, which also reflects the dynamic properties of the connections. 



21 
 

II.2 Dynamic Time Warping 

Dynamic Time Warping is an algorithm that can characterize dissimilarity of time-series with DTW 

distance, a single scalar, which takes the phase-shifts and shape distortions between signals into 

account. The DTW algorithm applies a nonlinear warping on the compared time-series to match 

the sequences optimally before distance calculation. The method was originally designed for 

speech recognition to align sentences pronounced by different speakers via correcting for 

different speech speed and tone (Sakoe and Chiba, 1978). This property can be useful in a wide 

range of research fields beyond spoken word recognition (Ding et al., 2008; Tomasev et al., 2015), 

including fMRI (Dinov et al., 2016; Silbert et al., 2014) resting-state fMRI connectivity (Meszlényi 

et al., 2017b) and electroencephalography (EEG) (Huang and Jansen, 1985; Karamzadeh et al., 

2013).  

The Dynamic Time Warping algorithm outputs a distance-like quantity, i.e. if a time-series is 

compared with itself, the resulting DTW distance equals with zero and the DTW distance between 

highly dissimilar signals is a high positive number. DTW distance is not a proper distance metric 

however, for the triangle inequality is not necessarily fulfilled (Lemire, 2009). Besides DTW 

distance, the algorithm also provides the sequence of optimally matched time-point pairs called 

warping path, and it describes the time-delay or phase difference between the two signals as the 

function of time. 

II.2.1 Algorithm1 

Dynamic time warping algorithm uses elastic matching, which can correct for phase-shifts as well 

as distortions of the shape of the signal, as illustrated in Fig. 3. A. For example, the peak in x1 is 

matched to the peak in x2 when comparing the time series x1 and x2 with DTW (Tomasev et al., 

2015). At the conceptual level, the calculation of the Dynamic Time Warping distance of two time 

series x1 and x2 can be considered as transforming one of the time series into the other one, i.e., 

DTW distance is an edit distance. While doing that, each edit step is associated with a cost and the 

final DTW distance is the sum of the costs of the editing steps that are able to transform x1 into x2 

with minimal total costs. In particular, two editing steps are possible: (i) the replacement of an 

element of x1 to an element of x2 and (ii) elongation of an element of x1 or x2. In both cases, some 

elements of the two time series are matched. The cost of a single editing operation is the 

difference between the matched elements of the two time series. 

                                                           
1 The description of the algorithm is cited from (Meszlényi et al., 2017b) and (Meszlényi et al., 2017a) 



22 
  

At the technical level, DTW distance is calculated by filling an l1-by-l2 matrix, called DTW matrix, 

where l1 and l2 refer to the length of time series x1 and x2, respectively. We use DTW(i,j) to denote 

the (i,j)-th entry of the aforementioned matrix. The (i,j)-th entry of the DTW matrix corresponds 

to the distance between the prefix of length i of x1 and the prefix of length j of x2 and it can be 

calculated according to Eq. 3 : 

  𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 3:𝐷𝑇𝑊(𝑖, 𝑗) =

{
 

 
‖𝑥1(𝑖), 𝑥2(𝑗)‖ + 𝑚𝑖𝑛{𝐷𝑇𝑊(𝑖, 𝑗 − 1), 𝐷𝑇𝑊(𝑖 − 1, 𝑗), 𝐷𝑇𝑊(𝑖 − 1, 𝑗 − 1)} 𝑖𝑓 𝑖, 𝑗 > 1

‖𝑥1(𝑖), 𝑥2(𝑗)‖ + 𝐷𝑇𝑊(𝑖, 𝑗 − 1) 𝑖𝑓 𝑖 = 1, 𝑗 > 1
‖𝑥1(𝑖), 𝑥2(𝑗)‖ + 𝐷𝑇𝑊(𝑖 − 1, 𝑗) 𝑖𝑓 𝑗 = 1, 𝑖 > 1

‖𝑥1(𝑖), 𝑥2(𝑗)‖ 𝑖𝑓 𝑖 = 1, 𝑗 = 1

 

Because the (i,j)-th entry of the DTW matrix only depends on the (i-1,j-1)-th, (i-1,j)-th and (i,j-1)-

th entries, the entries of the matrix can be calculated column-wise, beginning with the first entry 

of the first column, followed by the entries of the same column and the entries of subsequent 

columns. See (Buza, 2011)  for details.  

In order to ensure robustness against noise, we calculate the difference between two time series 

values 𝑥1(𝑖) and 𝑥2(𝑗) as ‖𝑥1(𝑖), 𝑥2(𝑗)‖ = (𝑥1(𝑖) − 𝑥2(𝑗))
2 and the distance of the two time series 

x1 and x2  is the square root of the (l1,l2)-th entry of the DTW matrix (see Fig. 3. C,D). There is one 

user-specified parameter of the calculation, which is called warping window size (w). We assume 

that time-shifts between x1 and x2 have a limited size of w positions at most, i.e., the i-th element 

of time series x1 shall be matched to one of the elements of time series x2 between its (i-w)-th and 

(i+w)-th position. It also means that we calculate only the entries at most w positions far from the 

diagonal (see Fig. 3.B).  

After the DTW distance calculation, the optimal warping path can also be obtained from the DTW 

matrix (see Fig. 3.B,C) as follows: beginning with the (l1,l2)-th entry, we examine which entry of the 

DTW matrix lead to the minimum in Eq.3. and traverse the entries of the DTW matrix according 

to this minimum as long as we arrive at the (1,1)-st entry. This optimal warping path gives the 

matching of every time-point of the two time series (Fig. 3.E). The length of this warping path can 

be obtained by simply calculating the number of entries that correspond to the warping path in 

the DTW matrix, thus the possible minimal warping path length equals to the length of the 

compared time series (the number of entries in the main diagonal). 
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Figure 3. A, x1 and x2 time series compared with DTW: the i-th element of x1 is elastically matched 

to the corresponding element of x2. B, The filled-out DTW matrix plotted as a heat-map (darker 

colours represent larger values). w denotes the size of the warping window, the maximal allowed 

time-lag between two matched time series element. The main diagonal is represented by the dark 

red line, while the optimal warping path is plotted with light red. The time-delay between the x1 

and x2 time series at a given time-point is obtained by the deviation of the warping path from the 

main diagonal (represented by the small black arrows). C, Calculation of DTW distance by filling 

out the DTW matrix: the example shows the first six element of x1 and x2 time series (highlighted 

with the black rectangle in B). Elements of x1 corresponds to rows, while elements of x2 corresponds 

to columns of the matrix. The optimal warping path is highlighted with dark grey, and the last 

entry containing the DTW distance is highlighted with black. The warping path length is the 

number of entries in the warping path, i.e. eight in this example. D, Formula to calculate entry (i,j) 

– in this example entry (3,5): squared distance of x1(i) and x2(j) plus the minimum of the matrix 

entries (i-1,j), (i-1,j-1), (i,j-1). E, Optimal matching of the first six elements of x1 and x2 revealed by 

the DTW matrix. 
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II.2.2 Connectivity strength and connection stability characterized by the DTW algorithm 

Dynamic Time Warping distance measures dissimilarity of signals with taking the possible change 

in time-lag or equivalent phase-difference between the time-series into account. In case of 

resting-state fMRI data, dynamic functional connectivity studies suggest that indeed connectivity 

between regions has several stages and the switching between these brain states result in non-

stationary phase relationships between the regions (Allen et al., 2014; Chang and Glover, 2010; 

Liu et al., 2013). Therefore, DTW distance is a feasible choice to characterize functional 

connectivity strength between brain regions with one scalar measure.  

As the Dynamic Time Warping algorithm also provides important information about the dynamic 

phase relationship of the compared brain regions via the warping path. In particular, the time-

delay as a function of measurement time can be reconstructed for every ROI pair with the time-

resolution of one TR (Meszlényi et al., 2016a, 2017b). These functions contain analogous 

information as the pairwise phase difference functions described in (Demirtaş et al., 2016; Glerean 

et al., 2012), although without the narrow frequency band condition required to determine 

instantaneous phase (Glerean et al., 2012). Similarly to other approaches calculating dynamic 

connectivity, the interpretation of the whole warping path for every ROI pair in case of a whole-

brain connectivity study is infeasible, therefore the aggregation of information contained in the 

warping path can be necessary for larger studies.  

In principle, several aggregation methods are possible. For example, the mean of the time-delay 

function can imply whether the activation of one region generally precedes that of the other 

region, or it is late compared to the other. The distribution of the time-delay as described by the 

maximal value or the standard deviation might also hold interesting information. In our studies, 

we chose to calculate the length of the warping path that can be interpreted as a proxy for 

connection stability (Meszlényi et al., 2016a). If the time-lag between two ROIs is constant, than 

the length of the warping path is close to the length of the main diagonal of the DTW matrix or, 

equivalently, the length of the measured time-series. However, if the phase relationship often 

changes due to frequent switches between brain states, than the warping path has to take twists 

and turns corresponding to these changes; thus the warping path will be substantially longer than 

the original time-series. By subtracting the original length of the time-series from the warping path 

length, we can introduce a measure of relative warping path length that is zero when we compare 

a time-series with itself. Because classification algorithms that use warping path length as input 

normalize data before classification (by setting the mean to zero and the standard deviation to 1), 
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the constant shift introduced by the subtraction of the time-series length does not affect the 

results; thus from the point of view of classification the two metrics are equivalent. 

Warping path length, therefore, can be used as another scalar descriptor of connectivity between 

brain regions. More precisely, it can be used to characterize connection stability, a property that 

holds complementary information besides connectivity strength measured by DTW distance.  
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II.3 Classification of connectome data 

Classification based on resting-state fMRI connectome gained substantial popularity in the past 

decade and these methods raised the intriguing possibility of application of machine learning for 

fast and objective diagnosis of mental disorders (Abraham et al., 2017; Kassraian-Fard et al., 2016; 

Arbabshirani et al., 2013; Kim et al., 2016; Rosa et al., 2015; Liem et al., 2017). The application of 

resting-state connectomes as biomarkers for diagnosis is still in its early stage and several 

problems have to be addressed; different MRI scanners and measurement parameters can 

introduce strong confounding factors and even within-subject variance of connectivity can be high 

if the MRI scans are measured at different times of the day (Braga and Buckner, 2017; Gordon et 

al., 2017; Laumann et al., 2015). Also most connectome-based classification studies suffer from 

the “curse of dimensionality” (Hughes, 1968). Namely, the number of resting-state fMRI 

measurements in most experiments is much lower than the number of pairwise connectivity 

descriptors between brain regions; therefore, generalization error for new subjects and 

measurement data can be very high. This phenomenon can be easily explained with the example 

of one of the simplest machine learning algorithms, the linear regression model. 

In linear regression models, we aim to estimate discrete or continuous labels on a dataset with a 

simple linear function of the input data. The learning algorithm has to optimize parameters 

(weights) of the linear function based on the training data in a way that the results of the linear 

function approximate the labels. With a training dataset containing N instances of d features, the 

objective is to find the parameter vector 𝜃 that minimizes the sum of squared errors on the 

training labels: 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 4: 𝜃 = 𝑎𝑟𝑔min
�⃗⃑⃗�

1

𝑁
‖�⃑� − 𝑿𝜃‖

2

2
 , 

where N is the number of training examples, 𝑿 ∈  ℝ𝑁𝑥𝑑 matrix contains the instances, d is the 

number of features, �⃑�  ∈  ℝ𝑁 contains the desired label values,   𝜃  ∈  ℝ𝑑 is the parameter vector 

and ‖�⃑�‖2 represents the L2 norm of any �⃑� vector. The objective function in Eq. 4. aims to minimize 

the mean squared error of the linear model on the training data. The mean squared error 

optimization can be viewed as a maximum likelihood estimation, with the assumption that the 

conditional probability of the label for a given instance has Gaussian distribution (Goodfellow et 

al., 2016). 
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It is important to analyse the linear model considering the measured features and the number of 

instances. If there are more training instances than measured features, i.e. when N≥d and the 

features are independent, i.e. 𝑿 has full column rank, Eq. 4. has analytical solution: the 𝜃 vector 

is unique and exists (Goodfellow et al., 2016). In this case, if new instances have similar distribution 

as the training instances, we expect low generalization error, because the unique 𝜃 parameter 

vector should produce similarly good results on new data, as well. On the contrary, in case the 

number of instances is lower than the number of features (N<d), Eq. 4. has infinite possible 

solutions. For infinitely large number of 𝜃 parameter vectors exists that solves �⃑� = 𝑿𝜃 on the 

training dataset, the some parameters can even fit the measurement noise of the training data 

(overfitting). However, since the linear regression algorithm just chooses a 𝜃 vector randomly 

from all possible solutions, it is not guaranteed that results on new instances will be correct; i.e. 

the generalization error is usually high. Therefore, to avoid overfitting in high-dimensional spaces, 

we need (usually exponentially) more training examples: this is the “curse of dimensionality” 

(Goodfellow et al., 2016; Hughes, 1968). 

In connectome-based classification even with only a hundred ROIs (i.e. 100x99/2 = 4950 

connectivity features) it is infeasible to obtain more resting-state fMRI measurements (instances) 

than features for most research centres. Generally to a lesser extent, but similar problems arise 

in many other fields of machine learning applications. Therefore several data preprocessing and 

classification algorithms were developed to deal with the “curse of dimensionality” (Liu and 

Motoda, 1998). These methods mostly rely on dimensionality reduction. Namely, actual 

classification is preceded by a processing step, which either selects some original features from 

the high-dimensional data, or aggregates several features to create a low-dimensional 

representation of the original features. The former techniques are termed feature selection, while 

the latter are called feature extraction (Hira and Gillies, 2015).  

Both feature selection and feature extraction can be implemented manually if the researcher has 

some prior knowledge or hypotheses about the data. In case of whole-brain connectome data for 

example, we can assume that the interaction of only a handful regions can differentiate between 

subject groups. For example, in a whole-brain connectivity dataset with a hundred ROIs we can 

choose ten important regions, thus from the whole 4950-dimensional connectivity feature space 

we can select 10x9/2 = 45 dimensions along which we hypothesize relevant changes between the 

subjects.  
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Manual feature extraction, also called feature engineering, usually requires more detailed prior 

knowledge about the data structure. For example, if connectome is calculated for one hundred 

ROIs, derived from an ICA-based parcellation, we possess not only the spatial information about 

the ROIs, but we also know which regions belong to the same functional network (same 

component). Assuming that we have ten components, each with ten-ten ROIs, we can aggregate 

the original 4950 connectivity descriptors to 10x9/2 = 45 features via defining between-network 

connectivity as the componentwise average of descriptors. To calculate between-network 

connectivity of two components with ten-ten ROIs, we would average the connectivity descriptors 

of all possible 10x10 = 100 region pairs, where the first ROI is one of the 10 regions of the first ICA 

component and the second ROI is one from the second component. 

Naturally, in many studies researchers have no strong hypotheses about which features would be 

relevant from the point of view of the given classification tasks, or how to aggregate the given 

features while still preserving meaningful variations in the data. In these cases manual dimension 

reduction is not possible, and automatic algorithms should be applied. Automatic dimension 

reduction is an exploratory technique, and the selected or extracted features can be analysed and 

interpreted post hoc. In case of feature selection techniques the interpretation is usually more 

straightforward, because selected features are subsets of the original connectivity descriptors, 

which can be explained based on known functional roles of the two connected regions. 

Interpreting automatically extracted features is generally a more complex task, because these 

features relies on (non-)linear combinations of original connectivity descriptors. On the other 

hand, even the sophisticated feature-extractors can depend on very simple and meaningful data 

structures. For example, in image classification, deep convolutional neural networks were found 

to extract a hierarchy of image features, similarly to the human visual system (Seeliger et al., 

2017). In the first layers the networks detect simple edges, then combinations of edges, etc. until 

they reach the level of abstractions where the networks can detect concepts like cars or animals 

(Goodfellow et al., 2016).  

In the next two subsections we will discuss the two classification methods in details that we 

applied in our studies for connectome-based classification. Both techniques apply dimensionality 

reduction; therefore, they are suited well for neuroimaging applications. In Section IV.1 we 

present the LASSO, a linear classifier based on inherent, automatic feature selection; while in 

Section IV.2. we demonstrate how convolutional neural networks extract features, and we 

describe in detail our specific convolutional architecture that we designed for connectome 

classification. 
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II.3.1 Feature selection and the LASSO 

Feature selection methods can be categorized to three distinct groups based on the strategy that 

the algorithms use to evaluate the “goodness” of a selected feature subset (Guyon and Elisseeff, 

2003). The wrapper approaches apply an independent classifier to evaluate each subset, i.e. on 

each proposed subset we train the classifier and test classification performance on a test set, and 

test performances can be compared across the possible subsets. Wrapper methods can apply 

different approaches to create feature subsets. The most common strategies are forward 

selection, where we start with an empty model and we iteratively add features which best 

improve the model; backward elimination, where the first model contains all features and we 

iteratively remove the least significant features, and exhaustive feature selection that evaluates 

all possible subsets (Guyon and Elisseeff, 2003).  These techniques are usually computationally 

intensive, but can adapt very well to the combination of a given dataset and classifier approach. 

Filter methods are designed for faster computation (Guyon and Elisseeff, 2003). Instead of true 

test performance they compute a proxy, for example mutual information, correlation or ANOVA 

F-test, to determine which features vary the most with the classification target. Although filter 

models are very fast, they do not generally determine the optimal size of the selected subset but 

a ranking of the features. Also, filter methods are not optimized for a specific classifier, and they 

only provide a very general solution for feature selection.  

The third category of algorithms, called embedded methods, perform internal feature selection 

as part of the classification process, i.e. feature selection is not a preprocessing step before 

classification, but the algorithm aims to optimize the selected feature subset and model accuracy 

simultaneously (Jović et al., 2015). The Least Absolute Shrinkage and Selection Operator (LASSO) 

belongs to this category, and it is an effective method both in terms of computational cost and 

accuracy, therefore it has gained popularity in the neuroimaging community (Ng et al., 2012; Rosa 

et al., 2015; Ryali et al., 2010).  

LASSO performs linear regression with special regularization, i.e. its objective is similar to Eq. 4., 

but because the equation has no unique solution in high-dimensional datasets with low sample 

size, the objective also contains a preference for certain type of solutions. Specifically LASSO’s 

tunable regularization term prefers 𝜃 parameter vectors with a low L1 norm (see Eq. 5.). 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 5:  𝜃 = 𝑎𝑟𝑔min
�⃗⃑⃗�

1

𝑁
‖�⃑� − 𝑿𝜃‖

2

2
+ 𝜆‖𝜃‖

1
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In Eq. 5. ‖�⃑�‖1 represents the L1 norm of any �⃑� vector and 𝜆 ≥ 0 ∈  ℝ is the hyperparameter that 

controls the regularization, i.e. it expresses how strong our prior assumption about how low the 

L1 norm of 𝜃 parameter vector is. In particular, the objective function of LASSO can be interpreted 

as a maximum a posteriori (MAP) Bayesian inference over the weights contained in the 𝜃 

parameter vector with an isotropic Laplace-distribution as prior (Goodfellow et al., 2016). As the 

Laplace-distribution has a sharp peak at zero, with this prior we express our assumption that many 

weights are zero. Thus in the resulting linear model only the subset of nonzero weights will play 

role in the classification. If the 𝜆 hyperparameter has a large value, many or even all weights will 

be set to zero and by gradually decreasing the value of 𝜆 we can include more and more features 

in the model (thus increasing its dimensionality) until 𝜆 = 0 leads to the original linear model (Eq. 

4). 

As the value of 𝜆 hyperparameter strongly influences the result of LASSO, its value is usually 

selected based on model performance on a validation set (separate from both the training and 

the test sets), or via nested cross-validation (Goodfellow et al., 2016). If we have prior assumptions 

about the optimal number of selected features, the 𝜆 hyperparameter can also be chosen 

accordingly; however, it is important to note that there is no one-to-one mapping between the 

number of selected features and the value of 𝜆.  

Most fMRI studies have very low sample size compared to the number of connectome features, 

therefore most connectome based classification experiments apply cross-validation to determine 

classification performance. In case of feature selection techniques and particularly LASSO, this 

means that a new model will be trained in every cross-validation iteration, therefore the selected 

features of the model might differ between cross-validation folds. However, the underlying 

ground truth is the same in all cross-validation iterations. Consequently, features representing this 

ground truth are expected to be stably selected in all (or nearly all) cross-validation folds, while 

features that appear only a few times in the selected subsets are likely chosen due to 

measurement noise. The analysis of the stable subset of features in cross-validated LASSO models 

is called the stability selection (Rondina et al., 2014) method. The technique of stability selection 

can be efficiently applied to visualize and examine the network of connections that differ between 

subject groups (Ryali et al., 2012; Tibshirani, 1996).  

In our second and third study, we applied LASSO classifiers to differentiate between subject 

groups based on DTW distance and warping path length, respectively. We demonstrated that 
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classification based on DTW metrics perform significantly better than that based on conventional 

static correlation. 

LASSO is a very efficient classification technique and its applicability for connectome-based 

classification is unquestionable. The embedded feature selection enables LASSO to model the data 

even with small sample sizes, and further stability selection results in easily interpretable models. 

The selected connections and brain regions that they link can be easily compared to existing 

literature on the classification target (e.g. a given mental disorder). The resulting network can be 

also treated as a graph, where ROIs are nodes and the connections are the edges. These graphs 

can be further analysed with graph-theoretical measures like modularity, clustering coefficient or 

hubness (Greicius et al., 2003; van den Heuvel et al., 2008). On the other hand, LASSO applies a 

linear model that is a strong oversimplification of the complex behaviour and highly non-linear 

functioning of the human brain. Thus the representational capacity of the LASSO models is lacking: 

the underlying true function that connects the instances to the labels is not in the search space of 

the LASSO (LeCun et al., 2015; Sokunbi et al., 2014; Su et al., 2013), we can only approximate it 

with simple linear functions.  

II.3.2 Feature extraction and convolutional neural networks 

Feature extraction aims to transform high-dimensional data to a low-dimensional representation 

that still captures meaningful information contained in the data. Most feature extraction 

techniques are unsupervised, i.e. they do not rely on the classification labels, only on the data 

distribution. The most prominent example of these methods is the PCA that applies an orthogonal 

transformation of the data. The first principal component fits on the largest variance while 

succeeding components fits on the largest remaining variance, and so on with the condition that 

components have to be orthogonal (Dunteman, 1989). Principal components are therefore 

uncorrelated and sorted based on explained variance, i.e. we can describe most of the variability 

in the data with the first few components. PCA in itself does not necessarily reduce data 

dimensionality. Similarly to most filter type feature selection methods, it only sorts components 

and the optimally reduced number of (newly defined) dimensions has to be set by the researcher.  

Image processing is traditionally a field where feature extraction is extremely important. The pixel 

representation of an image is very high-dimensional, where individual pixels hold only small 

amount of data. Thus, relevant information about, for example, objects on an image are stored in 

neighboring pixels and their intensity relations. In image processing, therefore, the most 

prominent form of unsupervised feature detection is convolution. Convolution methods extract 

information stored in pixel neighborhoods, independent from the localization of the given 
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neighborhood, to find different edges or to smooth images for denoising or undersampling (Jähne, 

1995; Pratt, 2007). Convolution-based techniques can be also used for template matching to 

localize distinct shapes on the images.  

Convolution can be defined for both continuous and discrete functions with arbitrary number of 

dimensions. For image processing purposes, we generally apply the discrete two-dimensional 

definition of convolution (Eq. 6). 

𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 6: 𝐺(𝑥𝐺 , 𝑦𝐺) = 𝐾 ∗ 𝐼 (𝑥𝐺 , 𝑦𝐺) = ∑ ∑ 𝐾(𝑥𝐾 , 𝑦𝐾) ∙

𝐾2

𝑦𝐾=−𝐾2

𝐾1

𝑥𝐾=−𝐾1

𝐼(𝑥𝐺 − 𝑥𝐾 , 𝑦𝐺 − 𝑦𝐾) 

where 𝐼 is the original image with 𝐼(𝑥, 𝑦) intensity at pixel coordinates (𝑥, 𝑦), 𝐾 is the so called 

convolution kernel or filter with a size of (2𝐾1 + 1) ∙ (2𝐾2 + 1), with 𝐾(𝑥𝐾 , 𝑦𝐾) intensity at pixel 

coordinates (𝑥𝐾 , 𝑦𝐾), and 𝐺 is the filtered image, the result of the convolution, with image 

intensity 𝐺(𝑥𝐺 , 𝑦𝐺) at pixel coordinates (𝑥𝐺 , 𝑦𝐺). Calculation of two dimensional discrete 

convolution is illustrated on Fig. 4. A. The effect of the convolution is determined by the kernel 

function. Fig. 4. B shows two examples, the result of an edge detection filter and the result of a 

smoothing kernel. Several other illustrative examples can be found in (Jähne, 1995; Pratt, 2007). 

 

Figure 4.: A, Calculation of two dimensional discrete convolution of an image with a 3x3 kernel.2 

B, Examples of edge detection and smoothing with 3x3 convolutional kernels. 

As one can see on Fig. 4. B convolution is a very general tool for image processing, because 

different kernels can result in vastly different feature maps. Therefore, by varying the values, the 

                                                           
2 Image source: 
https://developer.apple.com/library/content/documentation/Performance/Conceptual/vImage/Convoluti
onOperations/ConvolutionOperations.html 
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size, or the shape of a kernel function, we can optimize the extracted features for a given problem. 

Manual kernel design however requires significant experience and prior hypotheses about image 

properties and the feature to be extracted. 

Supervised feature extraction, similarly to the previously discussed wrapper or embedded feature 

selection techniques also uses classification labels, and the “goodness” of extracted features 

depends on the resulting classification performance. However, it also differs from them in the 

sense that the extracted features are newly created and they are, possibly, nonlinear aggregates 

from the original features. One of the most prominent supervised feature extractor methods are 

artificial neural networks (Gurney, 1997; Hassoun, 2003). 

 Neural network classifiers consist of artificial neurons, simple units that can calculate a weighted 

sum of its inputs and apply a linear or nonlinear activation function to it. Neurons are arranged in 

three types of layers: the input layer, one or many hidden layers and an output layer (Fig. 5. A, B). 

Input neurons can receive instances from the dataset, therefore the number of input neurons 

equals to the dimensionality of the data. Output neurons calculate label predictions for each 

instance, while hidden neurons store the extracted features of the given instance. During the 

training of neural network classifiers, we vary the weights of the summation performed by each 

artificial neuron, i.e. we train the weights to calculate extracted features that result in better 

classification performance. 

Recent advances in deep learning research suggest that feature extraction in many real-world 

problems is the most efficient, if features are extracted in a hierarchical fashion (Goodfellow et 

al., 2016; LeCun et al., 2015). When neural networks have more than one hidden layers, the first 

hidden layer can extract low-level features, the next layer extracts higher level features from these 

low-level descriptors and so on, thus the last hidden layer can contain highly abstract features, 

which are easy to classify. 

Conventional neural networks are fully connected, i.e. every neuron receives input from all 

neurons in the previous layer (Fig. 5. A). In high-dimensional datasets, this results in a tremendous 

amount of trainable weights, therefore efficient training of these networks requires large sample 

sizes. In image processing problems, the number of dimensions equals to the number of pixels of 

the image, i.e. even small images have extremely high dimensionality. To overcome this issue 

convolution has been introduced in neural networks. However, instead of using predefined 

kernels, we aim to train the weights of convolutional kernels. In convolutional layers each neuron 

will be connected only to a small neighborhood of neurons in the previous layer and trainable 
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weights are shared between image regions (Bengio and Lecun, 1995) (Fig. 5. B). As a result of 

weight-sharing the extracted features are shift invariant, i.e. they are independent from pixel 

localization. Usually in each convolutional layer several kernels are trained simultaneously to 

extract different features from the image (Fig. 5. C). In case of color images, convolutional neural 

networks (CNNs) train kernels for each color channel (RGB) separately and the results of the 

channels are summarized in the next layer, similarly to how the results of the multiple 

simultaneously trained convolutional kernel are summarized (Goodfellow et al., 2016). 

 

Figure 5.: A, Fully connected neural network architecture with two hidden layers. Black arrows 

represent individual trainable weights. If the input and hidden layers all contain 10 neurons, the 

number of weights is 2x(10x10)+10x2=220. B, Locally connected convolutional neural network with 

two convolutional layer. Arrows with the same color represent shared weights within the 

convolutional layers. If the input and hidden layer contains 10 neurons, and we train one kernel in 

each convolution layer than the number of weights is 3+3+10x2=26.  C, Extracted features in a 

convolutional neural network trained on traffic signs.3 

                                                           
3 Image source: https://devblogs.nvidia.com/parallelforall/deep-learning-nutshell-core-concepts/ 
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Convolutional neural networks achieved incredible classification performance in image processing 

(Goodfellow et al., 2016; Krizhevsky et al., 2012) and promising results have been demonstrated 

in time series classification (Bengio and Lecun, 1995; Zhao et al., 2017; Zheng et al., 2014) and 

natural language processing (Kalchbrenner et al., 2014), as well. Based on these studies we can 

expect that convolutional neural networks can extract features efficiently where neighborhoods 

(i.e. some underlying structure of the features) can be properly defined. 

 

 

Figure 6.: Architecture of the connectome-convolutional neural network (CCNN) designed in Study 

4 (Meszlényi et al., 2017a). Two convolutional layers are applied: the first layer contains 

convolutional kernels that extract one feature from each row of the connectomes (one feature 

from every ROI’s connectivity fingerprint). This feature can be calculated based on multiple 

connectivity metrics, as the convolutional kernels of the first layer can summarize information from 

multiple input channels. The second layer contains column-wise kernels that summarize features 

calculated from the ROIs, i.e. in the second layer we extract features that characterize the whole 

connectivity matrices. 

Convolutional neural networks can be adapted to extract features from connectome data. 

Specifically, connectome matrices can be treated as images, where the matrix entries correspond 

to image pixels. One extremely important difference between connectome data and images is the 

structure of neighborhoods. In case of images, local neighborhoods of pixels contains information 

about edges and specific object features. Conversely, in connectome matrices the ordering of 

brain regions i.e. the ordering of rows and columns are interchangeable. However, whole rows or 

columns can be considered as connectivity fingerprints of single ROIs and treated as 

neighborhoods, and convolutional filters can be designed accordingly (Fig. 6.) (Kawahara et al., 

2017; Meszlényi et al., 2017a). Weight-sharing across rows or columns of the connectivity matrix 
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relies on the assumption that differences between subject groups manifests in modified 

connectivity of some brain regions. This weight-sharing method performs best if there are regions, 

where the connectivity between them and several or even all other regions of the brain are also 

interrupted to some extent. 

In case of connectome based convolutional network architectures we also have to take into 

account that the number of training instances (number of fMRI measurements) is generally well 

below the sample sizes of ten thousand or even million typical in image recognition, therefore the 

network size and the applied regularization technique has to be adjusted. For convolutional 

networks can process multiple input channels simultaneously, they also offer the possibility to 

combine connectivity matrices of different measures (Fig. 6.). In our fourth study, we explored the 

feasibility of convolutional neural networks for connectome classification, and we demonstrated 

that a specifically designed architecture is not only able to classify connectome matrices with great 

accuracy, but it can further benefit from combining multiple metrics, namely DTW distance and 

warping path length in our case. 
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III. Discussion 

Conventional resting-state network concept is based on calculating linear dependence of 

spontaneous low frequency fluctuations of the BOLD signals of different brain areas (Biswal et al. 

1995,Biswal et al. 2010), which is sensitive only to temporally stable zero-lag synchrony across 

regions (Biswal et al. 1995; Fox et al. 2005; Fox and Raichle 2007; Kalcher et al. 2012; Margulies et 

al. 2010; Yeo et al. 2011). However, growing amount of experimental findings suggest that 

functional connectivity exhibits dynamic changes and a complex time lag structure, which cannot 

be captured by the static zero-lag correlation analysis (Allen et al., 2014; Chang and Glover, 2010; 

Handwerker et al., 2012; Jones et al., 2012; Kiviniemi et al., 2011; Sakoğlu et al., 2010; Smith, 

2012). In our studies, we investigated the potential of the Dynamic Time Warping algorithm, to 

characterize complex, dynamic connectivity between brain regions. 

III.1 Robustness of the Dynamic Time Warping distance based connectivity 

In our first study, we examined DTW distance as a potential metric for functional connectivity 

strength. One great advantage of the DTW distance approach is that due to the nonlinear warping 

performed by the algorithm, DTW distance can account for dynamically changing time lags 

between brain regions. Thus, DTW distance can describe connectivity between brain regions with 

one scalar descriptor, like static connectivity methods, while it can still represent the dynamic 

properties of the relationship.  Using simulated fMRI data, we found that the DTW algorithm 

indeed captures dynamic interactions; therefore, DTW distance can describe a wide range of 

connections. It is also important to emphasize that it is also less sensitive to linearly combined 

global noise in the data as compared to conventional correlation analysis. We also tested our 

method using ‘real’ resting-state fMRI data from repeated measurements of an individual subject.  

For seed-based connectivity mapping, we developed a simple transformation of DTW distance to 

similarity, so the same statistical tests can be applied to DTW similarity maps as those used for 

correlation based maps. Our results on the examined dataset showed that DTW analysis results in 

more stable connectivity patterns by reducing the within-subject variability and increasing 

robustness for preprocessing strategies.  

Several recent and high-impact research papers proposed that for stable measure of correlation 

based resting-state connectivity, one needs substantial amount (more than 30 minutes) of resting-

state data from the individual subjects (Braga and Buckner, 2017; Gordon et al., 2017; Laumann 

et al., 2015). Based on our results however, we can hypothesize that the low within-subject 
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variability of DTW distance can result in stable individual connectivity patterns from substantially 

less measured data. Because reliable individual connectomes are essential for both diagnostic 

(Matthews and Hampshire, 2016) and research purposes (Gordon et al., 2017; Poldrack, 2017), 

the application of DTW-based connectivity calculation could save tremendous amount of 

measurement time. On the other hand, it is important to note that although DTW distance 

calculation can achieve more robust connectomes than the correlation-based approaches, the 

computational cost of the DTW algorithm increases with the square of the number of time-points, 

while in case of simple zero-lag correlation, the computation cost increases only linearly. 

Computational power, however, is generally much less expensive than the scanning time; 

therefore, DTW calculation can be viewed as a cost-effective alternative for reliable individual 

connectivity calculation. Whole-brain connectivity matrix or seed-based connectivity map 

calculation can be easily parallelized, thus the eventually longer computational time of DTW 

calculation can be largely compensated. Our efficiently parallelized solution is also openly 

available for other research groups at https://github.com/MRegina/DTW_for_fMRI. 

III.2 Sensitivity of connectivity metrics based on Dynamic Time Warping –  

Application of machine learning methods 

In biomarker research based on functional connectivity, machine learning approaches have gained 

significant popularity due to their ability to infer diagnoses on an individual level with high 

accuracy (Vieira et al., 2017). This accuracy, as a measure of classification performance, can be 

used, in turn, to quantify the accuracy of a functional connectivity metric. To thoroughly examine 

the feasibility of connectivity calculation based on DTW distance, we assessed classification 

performance based on this metric in several classification tasks with different machine learning 

algorithms and different classification targets. In our second and third studies we applied various 

machine learning models, and in most cases we found the superiority of the LASSO algorithm 

compared to well-known k-nearest neighbor and SVM methods. LASSO’s inherent feature 

selection is particularly advantageous in biomedical research, because its linear models with lower 

dimensionality are easily interpretable. In our studies, the selected features are values describing 

the strength of connectivity between brain regions, thus the LASSO model can determine a brain 

network (i.e. a set of relevant connections) that differs the most between subject groups. 

In our second study, we aimed to classify gender and attention deficit hyperactivity disorder 

(ADHD) diagnosis on a dataset of young adults. We applied linear support vector machine (SVM) 

and LASSO classifiers to both correlation coefficient and connectivity measure based on DTW 

https://github.com/MRegina/DTW_for_fMRI
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distance to determine which metric leads to better classification performance. Classification 

results clearly demonstrated that both SVM and LASSO classifiers better distinguished between 

subject groups when using DTW distance, and the best performing model was the LASSO feature 

selection. Our results are based on cross-validation, therefore we also applied stability selection 

to the resulting LASSO models. We demonstrated that the functional connectivity networks 

selected by the LASSO were more stable and accurate to differentiate between healthy subjects 

and patients when based on DTW rather than correlation.  

The Dynamic Time Warping algorithm also produces the warping path, i.e. the function of dynamic 

time-delay between two regions. In our third study, we proposed that the length of this warping 

path can be used as a measure for connection stability and that it is also an accurate scalar 

descriptor of connectivity; therefore, warping path length can also be used as an input metric for 

connectome-based classification. On the dataset of young adults we used the length of the 

warping path as connectivity descriptor for classifying cannabis addiction, and we demonstrated 

that the warping path itself carries relevant information. We analyzed the dataset with k-nearest 

neighbor and LASSO classifiers, and our results showed that classifiers based on relative warping 

path length significantly outperformed models based on either correlation or DTW distance. In 

this experiment, similarly to our second study, we found that LASSO classification achieved the 

best results. We also analyzed LASSO models resulting from the cross-validation in terms of 

stability, and we found that classification based on warping path length created the largest 

network of stably selected connections. 

Because recent studies emphasize the role of differences in large-scale brain networks 

(Castellanos and Proal, 2012; Matthews and Hampshire, 2016), the fact that larger, yet stable 

networks can be generated based on DTW distance or path length demonstrates the advantage 

of these metrics. However, even in cases of complex brain network structures, LASSO applies a 

simple linear model, thus clearly oversimplifying the classification. The LASSO method also 

inherently ignores the known graph (or matrix) structure of the connectome data. Namely, if a 

given brain region shows marked changes in its connectivity strength with multiple different 

regions, the LASSO method treats these changes individually, thus missing some, possibly more 

subtle changes in connectivity with other regions. 
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III.3 Fusion of Dynamic Time Warping metrics –  

Application of deep convolutional neural networks 

Dynamic Time Warping is able to characterize both connectivity strength and stability with DTW 

distance and warping path length, respectively. Therefore, it is plausible that training classifiers 

on both metrics simultaneously will result in better classification performance. However, the 

dimensionality of the input data doubles when using two metrics at the same time, and most 

machine learning classifiers treat connectivity strength and stability independently without 

exploiting further knowledge about the corresponding brain connections. Therefore, these 

classification approaches, including the LASSO algorithm, cannot utilize the additional information 

available in this kind of input. In our fourth study we proposed a convolutional neural network 

(CNN) architecture designed to analyze connectomes (hence connectome-convolutional neural 

network – CCNN) that is able to extract relevant features directly from connectome matrices and 

can handle multiple input channels. Thus, CCNN can efficiently utilize information from both DTW 

distance and warping path length data while also considering the underlying graph structure of 

the connectome. We tested our method on simulated data, as well as on dataset of elderly with 

mild cognitive impairment. We have shown that the best classification performance was indeed 

achieved by combining DTW distance and warping path length features. We have also 

demonstrated that a relatively simple analysis of the learnt weights of the CCNN can determine 

which brain regions had most influence on the classification output, i.e. the regions that showed 

altered connectivity between subject groups. In the fourth study, the influential regions appointed 

by the CCNN model were in accordance with the relevant literature. 

Deep convolutional neural networks have several advantages over conventional machine learning 

algorithms, especially over linear methods that are, perhaps, the most widely used for classifying 

connectomes (e.g. linear SVM and LASSO) (Brown and Hamarneh, 2016). Deep neural networks 

can handle complex input and represent nonlinear relationships. Moreover, with increasing 

number of layers, a it can learn exponentially higher number of complex models than conventional 

algorithms from the same amount of training data (Goodfellow et al., 2016; LeCun et al., 2015; 

Montúfar et al., 2014) leading to higher efficiency. However, deep learning techniques have 

several drawbacks, as well. The training time is substantially longer for deep neural networks than 

for shallow architectures, and usually requires strong hardware (e.g. GPU based parallel 

computing). Fully connected deep neural networks, and even convolutional neural networks, may 

have very high number of trainable weights, therefore a careful regularization is often required; 

especially in cases where the number of training example is low (Goodfellow et al., 2016). In 
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addition, deep models have several architectural and training hyperparameters, whose automatic 

learning is generally intractable, and their manual customisation requires experience (Goodfellow 

et al., 2016). To provide some guidelines to other researchers we published the source code of 

our CCNN architecture along with our hyperparameter set on GitHub at 

https://github.com/MRegina/connectome_conv_net.  

https://github.com/MRegina/connectome_conv_net
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IV. Conclusion 

In our four study we thoroughly investigated the feasibility of Dynamic Time Warping algorithms 

in calculation and classification of resting-state functional connectivity. We demonstrated that 

DTW distance is a reliable and accurate descriptor of functional connectivity strength, while the 

warping path length can characterizes connection stability; and both can differentiate subject 

groups with exceptional accuracy. With a carefully designed convolutional neural network 

architecture we also demonstrated that information from these two metrics can be combined, 

further enhancing the accuracy of these functional connectivity descriptors. These results support 

our claim that the Dynamic Time Warping algorithm is an efficient and advantageous novel tool 

for resting-state functional connectivity analysis.  
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VI. Articles 

VI.1 Study 1 

Meszlényi, R. J., Hermann, P., Buza, K., Gál, V., and Vidnyánszky, Z. (2017). Resting State fMRI 
Functional Connectivity Analysis Using Dynamic Time Warping. Front. Neurosci. 11. 
doi:10.3389/fnins.2017.00075. 

 

Thesis point I: Dynamic Time Warping distance and the derived similarity measure can be 

efficiently used for resting-state fMRI based functional connectivity strength estimation as it 

can capture dynamic interactions of brain regions and is more robust against global noise 

linearly combined with the signal in the BOLD time-series than the more conventional 

approaches based on linear correlation. 
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VI.2 Study 2 

Meszlényi, R., Peska, L., Gál, V., Vidnyánszky, Z., and Buza, K. (2016b). Classification of fMRI data 
using dynamic time warping based functional connectivity analysis. in 2016 24th European Signal 
Processing Conference (EUSIPCO) (Budapest), 245–249. doi:10.1109/EUSIPCO.2016.7760247. 

 

Thesis point II: Functional connectivity strength characterized by Dynamic Time Warping 

distance is sensitive for group differences, i.e. in resting-state fMRI classification tasks, 

classifiers trained on connectivity features based on Dynamic Time Warping distance 

systematically outperformed models based on conventional correlation coefficient features. 
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VI.3 Study 3 

Meszlényi, R., Peska, L., Gál, V., Vidnyánszky, Z., and Buza, K. (2016a). A Model for Classification 
Based on the Functional Connectivity Pattern Dynamics of the Brain. in 2016 Third European 
Network Intelligence Conference (ENIC) (Wrocław), 203–208. doi:10.1109/ENIC.2016.037. 

 

Thesis point III: Warping path length, a measure of connection stability derived from the 

Dynamic Time Warping algorithm contains valuable information about the dynamic properties 

of the functional connection between brain regions beside functional connectivity strength, 

therefore warping path length can efficiently be used as connectivity feature in resting-state 

fMRI based classification tasks. 
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VI.4 Study 4 

Meszlényi, R., Buza, K., and Vidnyánszky, Z. (2017a). Resting State fMRI Functional Connectivity-
Based Classification Using a Convolutional Neural Network Architecture. Front. Neuroinformatics 
11. doi:10.3389/fninf.2017.00061 

 

Thesis point IV: Classification based on Dynamic Time Warping distance and path length 

combined with a convolutional neural network specifically designed for connectome based 

classification achieves substantially better performance than classification based on single 

connectivity metric features (i.e. Dynamic Time Warping distance, warping path length or 

correlation coefficients alone). 
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